Abstract In type 2 diabetes mellitus, glucose homeostasis is tightly maintained through insulin secretion and insulin sensitivity. Therefore, finding an accurate method to assess insulin secretion and sensitivity using clinically available data would enhance the quality of diabetic medical care. In an effort to find such a method, we developed a computational approach to derive indices of these factors using a 2-h oral glucose tolerance test (OGTT). To evaluate our method, clinical data from subjects who received an OGTT and a glucose clamp test were examined. Our insulin secretion index was significantly correlated with an analogous index obtained from a hyperglycemic clamp test (r = 0.90, n = 46, p \ 0.001). Our insulin sensitivity index sensitivity was also significantly correlated with an analogous index obtained from a hyperinsulinemic-euglycemic clamp test (r = 0.56, n = 79, p \ 0.001). These results suggest that our method can potentially provide an accurate and convenient tool toward improving the management of diabetes in clinical practice by assessing insulin secretion and insulin sensitivity.
Introduction
Insulin secretion and insulin sensitivity play a crucial role in glucose homeostasis; hence, assessing these factors in the care of type 2 diabetes (T2D) is important. The deregulation of these factors, which results in insufficient insulin secretion and activity, leads to hyperglycemia [1] ; therefore, insulin secretion and insulin sensitivity are targeted by therapies for the treatment of diabetes [2] .
Many mathematical models have been proposed for the assessment of insulin secretion and insulin sensitivity [3] by analyzing glucose tolerance tests such as the intravenous glucose tolerance test (IVGTT) and the oral glucose tolerance test (OGTT). Among these approaches, the minimal model proposed by Bergman et al. [4] , which analyzes an IVGTT to assess insulin sensitivity, is one of the most notable. To introduce this concept into more general practice, several other models that use an OGTT have been reported. For example, mathematical models to analyze 11 blood samples obtained during a 5-h OGTT have been proposed and validated by comparison with direct measurement methods. The second-phase (or static) insulin secretion index proposed by Toffolo et al. [5] has been validated using a glucose clamp method [6] , and the insulin sensitivity index proposed by Dalla Man et al. [7] has been validated using a glucose tracer method [8] .
Modeling techniques that rely on data from a more convenient OGTT protocol, while maintaining reasonable assessment accuracy, would have a greater chance of application in clinical settings [9] . In particular, test results from 2-h OGTTs would be beneficial because the 2-h glucose level during an OGTT has been used as one of the diagnostic criteria for diabetes by the World Health Organization (WHO) [10] .
The purpose of this study was to provide an accurate method for assessing insulin secretion and insulin sensitivity in T2D from clinically available data. For this purpose, we developed a computational method to assess these factors using only four blood samples obtained during a 2-h OGTT. The method is based on mathematical modeling combined with extrapolation and interpolation methods. Our indices for measuring insulin secretion and insulin sensitivity using OGTTs were compared with analogous indices obtained using a glucose clamp technique [11] in Japanese subjects with varying degrees of glucose tolerance.
Methods

Mathematical modeling
We considered plasma glucose and insulin levels to be the two major variables for this analysis; therefore, our mathematical model uses these variables only.
Oral glucose is absorbed from the intestines and passes through the liver before entering the systemic circulation.
The liver functions as a buffer that keeps the glucose level stable by suppressing splanchnic glucose output (SGO) to the circulatory system. Therefore, to construct a model for interpreting OGTT results, a description of liver function is required.
The challenge in constructing our OGTT model was to develop a parametric description of SGO that reflects liver function. To describe SGO, a new function was introduced in our model. We adapted well-validated and reported models for the other aspects of functions.
Model to derive the insulin sensitivity index
Intravenously administered glucose circulates throughout the body immediately after ingestion. However, orally administered glucose is absorbed from the intestines and first passes through the liver before entering the systemic circulation. This first-pass effect of the liver must be considered in a model that assesses insulin sensitivity using OGTTs. For this reason, SGO was incorporated into our model. A function, R DSGO , that represents the varying rate of SGO was introduced and coupled with the classical minimal model, which describes glucose kinetics without SGO and is applicable to IVGTT studies [4] . The general formulation is described as follows:
where G (mg dl -1 ) is the plasma glucose concentration, I (lU ml -1 ) is the plasma insulin concentration, X (min -1 ) is a variable in a remote insulin compartment where insulin is active in accelerating glucose disappearance, R DSGO (mg dl -1 min -1 ) is the varying SGO rate after an oral glucose load, and p G1 (min -1 ), p G2 (min -1 ), and p G3 (lU -1 ml min -2 ) are rate parameters. A subscript in parentheses represents a value at a time after the oral glucose load, and a zero subscript (e.g., I (0) and G (0) ) represents a value at time 0. By defining insulin sensitivity as the quantitative influence of insulin on increasing the disappearance of glucose, the insulin sensitivity index is deductively given by p G3 /p G2 . The explicit definition of X, the parameters, and the derivation of the index are found in reference [4] .
In healthy subjects, SGO is maintained within a low range by a prompt increase in glucose uptake and a suppression of glucose production. In T2D, some of these functions are disordered, and these dysfunctions contribute to hyperglycemia [12] [13] [14] [15] [16] . It is known that insulin is one of the key factors responsible for the hepatic functions of glucose uptake and suppression; however, there are other key factors involved, such as the portal signal (the difference in glucose concentration between the portal vein and the hepatic artery), whose regulatory mechanisms have not yet been clearly defined [12] [13] [14] [15] [16] . As was mentioned, the present requirement is not to describe the details of hepatic glucose regulation but to describe SGO. After that is done, we can model R DSGO to satisfy the following relation between the state of hepatic function and SGO. In T2D (in which there is dysfunction in hepatic glucose regulation), the increase in the SGO rate is assumed to be larger because the increase in hepatic glucose uptake and suppression of hepatic glucose production are smaller than in healthy subjects. Thus, we assumed that the maximum value for SGO is larger, and that peak SGO occurs earlier in T2D. Most of the oral glucose absorbed from the intestines appears in the plasma within 2 or 3 h after administration [16] . For this reason, SGO returns to basal levels regardless of the state of hepatic glucose function (i.e., R DSGO converges to within a small and narrow range after 2 h). We modeled R DSGO to satisfy the above requirements for peak value, peak time, and convergence of SGO. R DSGO is defined by the following equation:
where f w ðt; a; bÞ ¼ bt :
is the weight, the parameter a (min) is the scale parameter, the parameter b (dimensionless) is the shape parameter, and f w (min -1 ) is the Weibull density function [17] . In pharmacokinetics, this density function is widely used to describe drug absorption following oral administration. As long as the two parameters a and b are positive, the area under the glucose absorption curve (AUC) will increase exponentially with time and asymptotically approach 1 as time approaches infinity. To satisfy the assumptions about SGO, f w is multiplied by the inverse of p G4 and p G5 in the expression for R DSGO . The expression thus defined satisfies the assumptions and can describe a wide variety of SGO functions (Figs. 1, 2 ).
Model to derive the insulin secretion index
Pancreatic insulin secretion (R I ) can be described as the sum of two components: dynamic insulin secretion (R I1 ) and static insulin secretion (R I2 ). This sum is based on a previously reported OGTT minimal model [5] . The rate of change in plasma insulin concentration (dI/dt) is represented by the sum of R I , and the insulin circulation rate is calculated from a single-compartment model with a rate parameter p I1 (min -1 ) for insulin disappearance,
R I1 (lU ml -1 min -1 ) represents the secretion of rapidly releasable insulin stored in b-cells in response to elevations in the glucose level, according to the following equation:
where the parameter p I2 (lU ml -1 mg -1 dl) describes the sensitivity of dynamic insulin secretion by the b-cells.
R I2 (lU ml 
The parameter p I4 (lU ml -1 mg -1 dl min -1 ) describes the sensitivity of static insulin secretion by b-cells to an elevated glucose level with a time constant parameter p I3 (min).
R I is always non-negative, and when R I1 þ R I2 \0;
Clinical data collection To evaluate our insulin secretion index, we retrospectively studied 46 Japanese subjects who had received an OGTT and a hyperglycemic clamp (HGC) within 1 week of each other. The subjects had the following characteristics: 33 male, 13 female; 50.4 ± 12.0 (mean ± SD) years old; body mass index (BMI) 26.2 ± 6.1 kg m -2 ; and 9 with normal glucose tolerance (NGT), 5 with impaired glucose tolerance (IGT), and 32 with T2D. To evaluate our insulin sensitivity index, we retrospectively studied 82 Japanese subjects who had received an OGTT and a hyperinsulinemic-euglycemic clamp (HIC) within 1 week of each other. These subjects had the following characteristics: 79 subjects after exclusions; 57 male, 22 female; 53.1 ± 13.4 years old; BMI 25.6 ± 5.1 kg m -2 ; and 10 with NGT, 11 with IGT, and 58 with T2D. To assess insulin sensitivity in all areas other than the liver in the HIC, the insulin infusion rate was adjusted to achieve a serum insulin concentration of 100 lU ml -1 ; because of the possibility of insufficient inhibition of hepatic glucose production, we eliminated 3 cases with a steady-state insulin concentration under 50 lU ml -1 during the HIC [12] . Clinical and metabolic characteristics are summarized in Table 1 . All of these clinical tests were performed at the Osaka University Graduate School of Medicine (46 cases) or the Kobe University Graduate School of Medicine (36 cases).
The clinical protocol was approved by the ethics committee of each institution, and written informed consent was obtained from all subjects.
For the OGTTs, the standard WHO procedures were followed [10] . In brief, after a 12-h overnight fast, 75 g of glucose was given orally. Blood samples were collected at 0, 30, 60, and 120 min after the ingestion of the glucose, and the plasma glucose and serum insulin concentrations were measured.
For the glucose clamp methods, after a 12-h overnight fast, and before the start of the HGC or HIC, an artificial pancreas was used. An intravenous line was inserted into an antecubital vein for glucose and insulin administration. A second intravenous line was inserted into a vein in the contralateral hand for blood collection. During the clamp, blood samples were collected at 1-to 10-min intervals, and plasma glucose and serum insulin concentrations were measured.
For the HGC, exogenous glucose was infused intravenously by automatically adjusting the infusion rate to attain a plasma glucose concentration of 200 mg dl -1 for 90 min. All of the HGCs were performed at Osaka University.
For the HIC, the infusion rate of regular insulin was fixed at 1.1 mU kg -1 min -1 to attain a serum insulin concentration of 100 lU ml -1 , and exogenous glucose was infused to maintain a plasma glucose concentration of 90 mg dl -1 for at least 90 min. The plasma glucose concentrations were determined using the glucose oxidase method. The serum insulin concentrations were determined using a sandwich enzyme immunoassay system. Spherelight Insulin (Sanyo Chemical Industries Ltd., Japan) was used at the Osaka University Graduate School of Medicine for insulin measurement. E-test Tosoh II (IRI) (Tosoh Co., Japan) was used at the Kobe University Graduate School of Medicine. An artificial endocrine pancreas (STG-22; Nikkiso Co., Japan) was used for the glucose clamp studies. The tested values were properly calibrated by each facility.
Individual parameter estimation from OGTT data
To estimate the parameters in the OGTT model, the reference values for the model input were extrapolated and interpolated from the observed glucose and insulin values. The glucose and insulin values at 300 min were assumed to have returned to the baseline levels, based on results reported from 5-h OGTTs [9, 18] . The values at 180 min were extrapolated from those at 0, 30, 60, and 120 min using a support vector machine [19] and following a previously reported procedure [20] . For this interpolation, a piecewise cubic Hermite interpolation [21, 22] was used as one of the interpolation methods. This method generates a curve which passes through the input values and does not overshoot between them. The parameters related to insulin secretion (p I ) were estimated by minimizing the residual sum of squares of the insulin level between the reference and the model. The parameters related to glucose metabolism (p G ) were estimated by minimizing the residual sum of glucose levels between the reference and the model. The parameter sets of p I and p G were independently estimated. The dG/dt and dI/dt were calculated by the interpolated functions. A brute-force algorithm was used to estimate them. This parameter estimation did not require a specific optimization algorithm, and comparable parameters can be obtained using other approaches, such as a genetic algorithm.
The parameters estimated for the individual cases were p G3 , p G4 , p G5 , p I2 , p I3 , and p I4 . The ranges for the estimated parameters were from 0.02 to 40 (lU -1 ml min -2 10 -6 ) for p G3 , from 50 to 300 (min) for p G4 , from 1 to 3 (dimensionless) for p G5 , from 0 to 80 (lU ml -1 mg -1 dl) for p I2 , from 1 to 300 (min) for p I3 , and from 0 to 600 (lU ml -1 mg -1 dl min -1 ) for p I4 . The other parameters were fixed to the mean population values found in the literature. The constant k W used in the R DSGO equation was set using the results of a direct SGO measurement that utilized a glucose tracer approach during an OGTT. The values and sources were as follows:
, and k W = 2.0 (kg
. The parameters estimated for the individual cases were selected on the basis of their usefulness for assessing the pathophysiology underlying T2D. Other parameters that were fixed as constants in the model can have individual variation, which could have affected the results of the OGTT. However, we focused on the selected parameters in the present study.
Derivation and evaluation of clinical indices from our method
The steady-state serum insulin concentration during the HGC (SSI HGC ) was used as an estimate of the secondphase insulin secretion in response to elevated glucose. The steady-state glucose infusion rate during the HIC (GIR) reflects insulin sensitivity mainly in peripheral tissues because hepatic glucose production is almost completely suppressed at the high insulin concentration used during the test [11] . In general, the actual steady-state glucose concentrations (SSG) and steady-state insulin concentrations (SSI) are different in each patient, although the target concentrations are set in the glucose clamp tests. The SSG HGC , SSG HIC , and SSI HIC in this study were 201.7 ± 14.0 mg dl -1 , 92.5 ± 17.4 mg dl -1 , and 112.4 ± 36.1 lU ml -1 , respectively. Because the variation in SSI HIC was not small and directly affected the estimate of insulin sensitivity, the GIR revised by the SSI was used as the estimate of the sensitivity.
The parameter p I4 of the mathematical model was used as an estimate of second-phase insulin secretion in response to elevated glucose. During a state of the HGC, the dI/dt, dG/dt, dR I /dt, dR I1 /dt, and dR I2 /dt become zero. By applying these conditions to our model for the insulin sensitivity index, p I4 is described by the following equation
During the HGC, the G -G (0) was assumed to be constant and the p I4 was proportional to the R I . By doing this, we could understand that the p I4 had an analogous meaning to the SSI HGC . In this study, the p G2 was fixed, and p G3 /p G2 was proportional to the p G3 . Therefore, the parameter p G3 was used as an estimate of the insulin sensitivity of peripheral tissues.
Linear correlation analyses were performed to quantify the strengths of associations between two numeric variables. Data are expressed as mean ± standard deviations (SD).
Results and discussion
Our OGTT-derived index for the second-phase of insulin secretion was significantly correlated with the steady-state insulin concentration during the HGC (r = 0.90, p \ 0.001, Fig. 3a) . Our insulin sensitivity index was significantly correlated with the steady-state glucose infusion rate revised by the insulin concentration (GIR/SSI HIC ) during the HIC (r = 0.56, p \ 0.001, Fig. 3b) .
The average glucose and insulin concentrations during the OGTTs that served as inputs to the mathematical models are shown in Fig. 4 mathematical models to reproduce the input data was shown using weighted residuals and the results are shown in Fig. 5 . To obtain the weighted residuals, the residuals between the results of the model and the input data were divided by the input values. These results suggest that our method can potentially provide an accurate and convenient tool to improve the management of diabetes in clinical practice by assessing insulin secretion and insulin sensitivity. Our indices based on 2-h OGTTs showed good correlation with the analogous indices obtained from glucose clamp methods. Assessing these factors using a 2-h OGTT is advantageous because the 2-h OGTT is widely used for the diagnosis of diabetes under the WHO criteria, which makes this method easier to implement in a clinical setting. We compared the estimated accuracy of our method with that of other previously reported methods [25, 26] that can be used to assess these factors using data obtained from a 2-h OGTT. On the basis of the present data, our method has a higher correlation coefficient with the glucose clamp than the other approaches ( Table 2) . Characteristics of these indices in the subjects are summarized in Table 3 . The p I4 * and p G3 * were obtained without pre-processing the OGTT data. To derive an index of the OGIS 120 , glucose and insulin concentrations at 90 min during the OGTT are necessary in addition to the present input (4 blood samples during the 2-h OGTT) [26] . Here, interpolated G (90) and I (90) were used for the derivation of the indices J Physiol Sci (2011) 61:321-330 327
In a previous study [26] , the reproducibility of clinical indices was assessed with duplicate OGTT data from the same subjects. The resulting correlation was reported to be r \ 0.90. This means that the upper bound of correlation coefficients between surrogate indices and the glucose clamp should be below 0.90. In this context, the present coefficient of 0.90 between the SSI HGC and p I4 might be too high. Both in all subjects and subjects with T2D (Table 2) , our method's data showed coefficients superior to those from the other methods, which is an interesting fact regardless of any discussion about absolute coefficient values.
The use of mathematical modeling may be one reason why our method showed better estimation accuracy than the other methods. Multiple factors contribute simultaneously to the regulation of glucose metabolism; therefore, time-dependent dynamics are important to fully understand the metabolism process. Mathematical modeling using differential equations is suitable for this type of system because it can describe the dynamics of a system consisting of multiple factors.
The pre-processing of the OGTT data may be another reason for the better estimation accuracy of our method. In general, the estimation accuracy of a model is enhanced by using a large amount of input data. However, we limited the directly available data to four samples from the 2-h OGTT to enhance the applicability of our method. Then, we assumed that the information lost by limiting the samples used could be partially recovered by considering the following characteristics of glucose and insulin dynamics: glucose and insulin concentrations change continuously after the start of the test, the derivative of the change in these concentrations becomes smaller over time, and values at 300 min return to the basal level in most cases [9, 17] . Next, the data were converted to continuous 5-h OGTT data using extrapolation and interpolation, as described in the parameter estimation section (Fig. 6) . Although clear statistical significance cannot be obtained with the present number of cases, the validity of our assumption was supported by the estimation accuracy being improved by this pre-processing to some extent (Table 1) .
Correlation coefficients between the GIR/SSI HIC and the HOMA-R, QUICKI, and Matsuda indices may seem to be smaller than those indicated in previous reports [27] , but these coefficients in this study are not exceptionally small. For instance, correlation coefficients between the glucose clamp and the HOMA-R have been heterogeneous, ranging from strong [27] to weak [26] . There is a report which showed similar coefficients to those in this study [26] . These HOMA-R, QUICKI, and Matsuda indices are based on the concept that the higher the glucose and insulin concentrations are, the lower the insulin sensitivity will be. However, this concept may not be valid for some classes of Table 3 Characteristics of the OGTT-derived insulin secretion and insulin sensitivity indices of the subjects [25, 26] Subjects used in the evaluation of insulin secretion diabetics who have high glucose concentrations and low insulin concentrations. In those patients, it is not obvious that higher insulin concentrations indicate lower insulin sensitivity. Because the average insulin secretion concentrations of the subjects were relatively low (Table 1) , this might be a potential reason for the small correlation coefficients in this study's indices. It should be noted that absolute values of the correlation coefficients between the OGTT-derived and clamp-derived indices can often fluctuate and depend on cohorts because clinical characteristics of the cohorts used for evaluation can vary greatly. Therefore, there may be differences between the cohorts but each coefficient can contain essentially the similar clinical significance.
We assumed that the rate of hepatic insulin extraction was constant and that renal function was normal in building the model. The model requires insulin secretion to assess insulin sensitivity using insulin-dependent changes in glucose concentrations. Therefore, our method may have limitations for those subjects with hepatic dysfunction, renal impairment, or severe b-cell dysfunction.
The assessment of insulin secretion and insulin sensitivity is of great importance in selecting an optimal diabetic treatment strategy. The onset and progression of T2D is strongly correlated with dysfunction of these factors [1] . Most of the agents currently used to treat hyperglycemia can be broadly classified according to their improvement of one of these factors [2] . For this reason, it is important to identify the factor that is the underlying cause of the hyperglycemia so that a targeted therapy can be used. Therefore, the assessment of these factors becomes important. In support of this idea, a previous study compared the relationship between pathologic characterization based on the SSI HGC and GIR and successful therapy that achieved a well-controlled blood glucose level [28] . In that study, the average SSI HGC and GIR of patients successfully treated with sulfonylurea (glibenclamide) or an insulin sensitizer (pioglitazone) were compared. The SSI HGC and GIR in the group successfully treated with sulfonylurea were lower than those in the group treated with the insulin sensitizer, suggesting that, for a given therapy to be successful, the medication should target the underlying cause of the diabetes. This result demonstrates the importance of the quantitative assessment of b-cell function and insulin sensitivity for the selection of a suitable treatment for each patient.
In this study, we have shown that our method is accurate and potentially applicable in clinical practice for assessing the diabetic status of an individual patient. One of our goals is to apply this method to the daily clinical practice of general practitioners as a tool to determine the optimal treatment regimen, as do experienced diabetologists. Although our method showed better correlation coefficients of the reference values than those obtained by the other methods, the clinical significance of this improvement is now in question. To validate its clinical significance, we next plan to evaluate our method with additional clinical data that measures the efficacy of various medications used to treat hyperglycemia. 
